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Performance Improvement of Ensemble Speciated Neural Networks using
Kullback-Leibler Entropy

& 7oA
(Kyung-Joong Kim

-

and Sung-Bae Cho)

Abstract - Fitness sharing that shares fitness If calculated distance between individuals is smaller than sharing
radius is one of the representative speciation methods and can complement evolutionary algorithm which converges one

solution. Recently, there are many researches on designing

most of them use only the fittest solution in the last generation. In this paper,

neural network architecture using evolutionary algorithm but
we elaborate generating diverse neural

networks using fitness sharing and combining them to compute outputs then, propose calculating distance between
individuals using modified Kullback-Leibler entropy for improvement of fitness sharing performance. In the experiment of
Australian credit card assessment, breast cancer, and diabetes in UCI database, proposed method performs better than not
only simple average output or Pearson Correlation but also previous published methods.
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Table 2 Companson of
card approval.

recognition

27/& o3 #nee vl : $F AMEFE G o|g
ratess Australian credit

HEE= P. Correlation dEZY
LRE 0.089 0.092 0.096
EPNet Calb ITrule
ERE 0.115 0.131 0.137
DIPOL92 Discrim Logdisc
55 0.141 0.141 0.141
CART RBF CASTLE
25E 0.145 0.145 0.148
NaiveBay IndCART BP
Lo FE 0.151 0.152 0.154
E  37|E |7 gofelel B@ : feet ooy

Table 3 Companson of recognition rates: Breast cancer.

22y HTEH P. Correlation
SF8 0.0118 0.0125 0.0125
HDANNS EPNet FNNCA
g 0.01149 0.01376 0.0145
B AJE A@T Znjele) W : Hew oolg

Table 4 Comparison of recognition rates: Diabetes.

JE =1 P. Correlation HBTEY

L HE 0.202 0.206 0.218
Logdisc EPNet DIPOLS2

L 5= 0.223 0.224 0.224

Discrim SMART RBF

LBE 0.225 0.232 0.243

ITrule BP Calb

LFE 0.245 0.248 0.25
CART CASTLE Quadisc

L RE 0.255 0.258 0.262
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